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1
ADAPTIVE PATCH-BASED IMAGE
UPSCALING

BACKGROUND

Image scaling may be used to resize an image, such as an
image captured by an image capture device included in a
user’s phone, stand-alone camera, or even an image created
by a user using image editing software. This may include
upscaling an image to increase a number of pixels used to
represent the image. Likewise, downscaling may involve
reducing a number of pixels used to represent an image.

Upscaling an image, however, may involve a trade-off
between a variety of different factors, such as smoothness and
sharpness. As the size of an image is increased, for instance,
pixels used to represent the image may have increased vis-
ibility and therefore lose the smoothness and sharpness that
are apparent to the image before upscaling. Conventional
techniques that are utilized to address these problems, how-
ever, may result in blurred image edges and textures and
therefore generate a result that is undesirable to the user.

SUMMARY

Image scaling techniques are described. These techniques
may include use of iterative and adjustment upscaling tech-
niques to upscale an input image. A variety of functionality
may be incorporated as part of these techniques, examples of
which include content-adaptive patch finding techniques that
may be employed to give preference to an in-place patch to
minimize structure distortion. In another example, content
metric techniques may be employed to assign weights for
combining patches. In a further example, algorithm param-
eters may be adapted with respect to algorithm iterations,
which may be performed to increase efficiency of computing
device resource utilization and speed of performance. For
instance, algorithm parameters may be adapted to enforce a
minimum and/or maximum number to iterations, cease itera-
tions for image sizes over a threshold amount, set sampling
step sizes for patches, employ techniques based on color
channels (which may include independence and joint pro-
cessing techniques), and so on.

This Summary introduces a selection of concepts in a sim-
plified form that are further described below in the Detailed
Description. As such, this Summary is not intended to iden-
tify essential features of the claimed subject matter, nor is it
intended to be used as an aid in determining the scope of the
claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
areference number identifies the figure in which the reference
number first appears. The use of the same reference numbers
in different instances in the description and the figures may
indicate similar or identical items. Entities represented in the
figures may be indicative of one or more entities and thus
reference may be made interchangeably to single or plural
forms of the entities in the discussion.

FIG. 1 is an illustration of an environment in an example
implementation that is operable to employ techniques
described herein.

FIG. 2 depicts a system in an example implementation in
which image upscale operations are shown.
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2

FIG. 3 is an illustration of a system configured to perform
a single iteration of upscaling by a set factor using a factor
upscale module of FIG. 2, the factor upscale module being
shown in greater detail.

FIG. 4 is a flow diagram depicting a procedure in an
example implementation in which a set factor upscale is
shown.

FIG. 5 depicts a system in an example implementation in
which content-adaptive patch finding techniques are
employed as part of the factor upscale module to upscale
image data.

FIG. 6 is a flow diagram depicting a procedure in an
example implementation in which content-adaptive patch
finding techniques are shown.

FIG. 7 depicts a system in an example implementation in
which content metrics are employed as part of a search for a
patch.

FIG. 8 is a flow diagram depicting a procedure in an
example implementation in which content metric techniques
are shown.

FIG. 9 includes examples of images that are upscaled using
a convention technique and techniques described herein.

FIG. 10 illustrates an example system including various
components of an example device that can be implemented as
any type of computing device as described and/or utilize with
reference to FIGS. 1-9 to implement embodiments of the
techniques described herein.

DETAILED DESCRIPTION
Overview

Conventional techniques utilized to upscale an image typi-
cally assumed a smoothness in an up-sampled result. Conse-
quently, these conventional techniques could result in blurred
image edges and textures in the upscaled image, which could
make the upscaled image undesirable for its intended pur-
pose.

Techniques are described in which an image may be
upscaled yet still preserve image edge and texture details. For
example, techniques may be employed to iteratively upscale
an input image by a set scale factor (e.g., 1.5-2) at each
iteration until the desired magnification factor is reached,
which may also involve adjustment to arrive at a final desired
upscale amount. These techniques may include use of Bicu-
bic interpolation and Gaussian smoothing for finding
example patches, adaptive patch processing, and patch
regression, further discussion of which may be found in rela-
tion to FIGS. 2-4.

The techniques used to perform the iterative upscale may
employ a variety of different functionality. For example, con-
tent-adaptive patch finding techniques may be employed to
give preference to an in-place patch to minimize structure
distortion, further discussion of which may be found in rela-
tion to the Content-Adaptive Patch Finding Section and
FIGS. 5 and 6. In another example, content metric techniques
may be employed to assign weights for combining patches,
further discussion of which may be found in relation to the
Content-Adaptive Patch Update Section and FIGS. 7and 8. In
a further example, algorithm parameters may be adapted with
respect to algorithm iterations, which may be performed to
increase efficiency of computing device resource utilization
and speed of performance. For instance, algorithm param-
eters may be adapted to enforce a minimum and/or maximum
number to iterations, cease iterations for image sizes over a
threshold amount, set sampling step sizes for patches, employ
techniques based on color channels (which may include inde-
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pendence and joint processing techniques), and so on as fur-
ther described in the Iteration-Adaptive Parameter Update
Section.

In the following discussion, an example environment is
first described that may employ the techniques described
herein. Example techniques are then described which may be
performed in the example environment as well as other envi-
ronments. Consequently, performance of the example tech-
niques is not limited to the example environment and the
example environment is not limited to performance of the
example techniques.

Example Environment

FIG. 1 is an illustration of an environment 100 in an
example implementation that is operable to employ tech-
niques described herein. The illustrated environment 100
includes a computing device 102, which may be configured in
a variety of ways.

The computing device 102, for instance, may be configured
as a desktop computer, a laptop computer, a mobile device
(e.g., assuming a handheld configuration such as a tablet or
mobile phone), and so forth. Thus, the computing device 102
may range from full resource devices with substantial
memory and processor resources (e.g., personal computers,
game consoles) to a low-resource device with limited
memory and/or processing resources (e.g., mobile devices).
Additionally, although a single computing device 102 is
shown, the computing device 102 may be representative of a
plurality of different devices, such as multiple servers utilized
by a business to perform operations “over the cloud” as fur-
ther described in relation to FIG. 10.

The computing device 102 is illustrated as including an
image processing module 104. The image processing module
104 is representative of functionality to process image data
106. Although illustrated as part of the computing device 102,
functionality represented by the image processing module
104 may be implemented in a variety of ways, such as “over
the cloud” such that this functionality is available at least
partially via the network 108, through use of a distributed
architecture, and so on.

The image data 106 may be obtained from a variety of
different sources. This may include capture of an image scene
by an image capture device such as a camera, mobile com-
munications device (e.g., a smartphone), and so on. Image
data 106 may also be created by a user, such as through
creation as part of a virtual image scene and so on. Further, the
image data 106 may be include as part of a sequence of
images, e.g., video. Thus, the image data 106 may originate
from a variety of different sources.

A variety of different functionality may be incorporated as
part of the image processing module 104. An example of this
functionality is an image upscale system 110. The image
upscale system 110 is representative of functionality to
upscale the image data 106 for form upscaled image data 112
by increasing a number of pixels used to represent the image,
e.g., from “200x200” pixels of the image data 106 to “600x
600 pixels of the upscaled image data 112. Thus, the
upscaled image data 112 may have an increased spatial reso-
Iution in comparison with the image data 106. The upscaling
of the image data 106 may be performed for a variety of
different reasons, such as to increase an ability of a user to
view details of the image data 106.

As previously described, however, conventional tech-
niques that were utilized to upscale an image could result in
upscaled image data having blurred edges and textures, such
as through use of signal interpolation techniques such as
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nearest neighbor interpolation, bilinear interpolation, and so
on. An example of this is shown in the image 902 in the
example of FIG. 9. Thus, these conventional techniques could
produce results that failed for their intended purpose in some
situations, such as to increase an ability of a user to view
details in the image. Accordingly, in this example the image
upscale system 110 may employ one or more image upscale
modules 114 that are configured to preserve image edges and
texture details, an example of which is described as follows
and shown in a corresponding figure as well as at the image
904 also shown in FIG. 9.

FIG. 2 depicts a system 200 in an example implementation
in which image upscale operations are shown. The system
200 is shown using first, second, third, and fourth stages 202,
204, 206, 208. In this example, an input is received by the
image upscale system 110 to upscale the image data 106 by a
factor of three such that the image data 106 includes an
increased number of pixels (e.g., three times the number of
pixels) that are usable to display the image. In the illustrated
example, the system 200 is configured to apply set factors and
then an adjustment to arrive at a desired amount of resolution
increase, if applicable.

For example, to upscale image data 106 by a factor of three
in both axis, e.g., “x” and “y” axis, a set factor is first applied
by a factor upscale module 210, which is an example of the
image upscale modules 114 of FIG. 1. The factor upscale
module 210 is representative of functionality configured to
apply a set factor in an upscale of image data. In the illustrated
example, the set factor is “1.5” to arrive at image data 212 that
is increased in both the “x” and “y” directions as shown in the
second stage 204, although other examples are also contem-
plated.

Because the desired amount of upscale has not been
reached and the remaining amount is less than the set factor,
another upscale is performed at the second stage 204 by the
factor upscale module 210 to arrive at a “2.25” scale of image
data 214 as shown in the third stage 206.

Because the desired amount of upscale (e.g., “3”) is not a
power of 1.5, an adjustment upscale module 216 is employed
to adjust the upscaled image 214. For instance, at the third
stage 206 a desired amount of upscaling has not been reached.
However, the remaining amount of upscale to be performed is
less than the set factor. Accordingly, the adjustment upscale
module 216 may employ another technique to utilize a non-
set factor (e.g., “1.333” in this example) to arrive at the final
desired amount for the upscaled image 112 as shown in the
fourth stage 208, which is three in this example. In this way,
the image upscale system 110 may upscale the image in an
efficient manner in terms of computing device 102 resource
usage to arrive at upscaled image data 112 having an
increased spatial resolution. The factor upscale module 210
may be configured in a variety of different ways to perform
this upscaling, an example of which is described as follows
and shown in a corresponding figure.

FIG. 3 is an illustration of a system 300 configured to
perform a single iteration of upscaling by a set factor using a
factor upscale module 210 of FIG. 2, the factor upscale mod-
ule 210 being shown in greater detail. During the discussion
of FIG. 3, reference will also be made to the example proce-
dure 400 of FIG. 4. The factor upscale module 210 is illus-
trated as receiving an input image “I,” 302, which may or may
not correspond to the image data 106 described in relation to
FIG. 2.

An input image is upscaled by a scale factor to generate an
upscaled input image (block 402). For example, input image
“I;” may be processed by an upscale module 308 to increase
a resolution of the input image to obtain upscaled image “U”
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310. A variety of different techniques may be employed to
perform this upscaling, an example of which is Bicubic inter-
polation.

The input image is also smoothed to generate a smoothed
input image (block 404). For example, the factor upscale
module 210 includes a smoothing module 304 that is config-
ured to smooth the input image 302 to obtain a smoothed
image “B” 306, i.e., a “blurred image.” A variety of different
techniques may be employed to perform the smoothing, such
as through use of a two-dimension Gaussian kernel “a”. In
this example, the smoothed image “B” 306 has a resolution
that matches a resolution of the input image 302.

An upscaled image iteration may then be generated (block
406) from these images. This may include identifying which
of a plurality of patches in the smoothed input image is most
similar (e.g., has the shortest image distance) to a patch in an
upscaled input image (block 408). A prediction may then be
computed for the patch in the upscaled input image using the
most similar patch from the smoothed input image and a
corresponding patch from the input image (block 410). A
prediction is then formed for the upscaled image iteration
using the prediction for the patch in the upscaled image and
the patch in the upscaled image (block 412). This may be
performed in a variety of ways.

For instance, the blurred and smoothed images may be
processed by a prediction module 312 to make a prediction to
upscale the input image “I,” 302. The underlying approach
may be based on patches, which may include predefined areas
of'an image, e.g., five by five pixels although other examples
are also contemplated.

For example, for each patch “ql” in the upscaled image
“U” 310 (which may also be denoted as “U(ql)”), a patch
“p1” inthe smoothed image “B” 306 is found, which may also
be denoted as “B(pl).” The patch at location “pl” in the
smoothed image “B” 306 is found at a corresponding location
that is proportional to image size. In this way, differences in
resolution between the smoothed image “B” 306 and
upscaled image “U” 310 may be addressed in locating the
patch. This patch may be considered the “in place” patch in
the local neighborhood 314 in the smoothed image “B” 306.

A distance is then computed of patch “U(q1)” to any patch
“B(p)” within a local neighborhood 314 around patch “B(p)”.
Inthis way, a patch “B(p2)” may be identified that is the most
similar (i.e., closest) to patch “U(ql),” i.e., has the shortest
image distance of the plurality of patches in the smoothed
image “B” 306.

A high-frequency prediction of patch “U(q1)” is then com-
puted by the prediction module 312 of the factor upscale
module 210 to make a prediction used to form the image
upscale iteration “I,,,” 316. This prediction may be per-
formed in a variety of ways. For example, a high-frequency
component may first be computed in accordance with the
following expression:

HfqV)=1{p2)-B{p2).

The high-frequency component is then added to the fol-
lowing expression, which is then used as a prediction of a
patch located at “(ql)” (i.e., “I,,,(ql)”) for image upscale
iteration “I,, ;”” 316 by adding the predictions together:

Ulg1):Ulql)+Hf(q1)

Portions of patches “I,, ;(ql)” that are overlapping may
then be averaged to arrive at a result for the image upscale
iteration “I,,,” 316. This process may then be repeated to
predict patches for each location of the upscaled image data.
Further, as previously described in relation to FIG. 2, this
technique may be repeated for a plurality of different itera-
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6

tions such that the image upscale iteration “I,, , ” is used as the
input image “I” 302 for the next iteration.

Additional techniques may then be employed to arrive at a
final desired upscale size, such as to leverage an adjustment
upscale module 216 as described in relation to FIG. 2. As
previously described, this is one of a variety of different
examples of functionality of the factor upscale module 210
that may be employed by the image upscale system 110 to
upscale image data 106. Further, the factor upscale module
210 may also employ a variety of different techniques to
perform the factor upscale yet still preserve image edges and
textures, examples of which may be found in relation to the
following sections.

Content-Adaptive Patch Finding

FIG. 5 depicts a system 500 in an example implementation
in which content-adaptive patch finding techniques are
employed as part of the factor upscale module to upscale
image data. The following discussion of the system 500 of
FIG. 5 also includes a discussion of an example procedure
600 of FIG. 6.

As shown in FIG. 5, patches at locations “p1” and “p2” in
smoothed image “B” 306 are sought that are similar to a patch
in upscaled imaged “U” 310 at location “ql.” Accordingly,
the smoothed image “B” 306 is shown having the local neigh-
borhood 314 as previously described in relation to FIGS. 3
and 4 as well as the factor upscale module 210 as described in
relation to FIGS. 1 and 2.

As previously described, conventional techniques to
upscale an image may result in blurred image edges, loss of
texture, and so on. In this example, however, the factor
upscale module 210 employs a content-adaptive patch finding
module 402. The content-adaptive patch finding module 402
is representative of functionality that may be employed to
preserve structure of local contrast areas.

As before, the factor upscale module 210 may be used to
identify which of a plurality of patches in a neighborhood of
alocation in an image is most similar to a patch in an upscaled
input image (block 602). For example, the content-adaptive
patch finding module 502 of the factor upscale module 210
may be employed as part of a search for a most-similar patch
in the local neighborhood 314 in smoothed image “B” 306 to
patch from the upscaled image “U” 310. This similarity may
be expressed as relative “image distances” between the
patches and used as part of a determination as to which of the
patches are to be used as part of the upscale operation. The
search may be performed to give preference to a patch at an
“in place” location as opposed to patches at other locations to
reduce likelihood of blurred edges and texture.

The content-adaptive patch finding module 402, for
instance, may estimate “p2” as the position “p” in the local
neighborhood of “p1” (which is the center location), such that
“IU@)-B(p)||”is minimized. Animage distance may then be
computed between the patch in the upscaled input image and
the identified patch (block 604). For example, the following
computation may be performed to compute the respective
image distances between the patch of the upscaled image “U”
310 (“U(ql)”) and patches in the smoothed image “B” 306

(CB(D" and “B(p2)"):

d,=|UgD)-Bp)|d>=IL(g1)-BE2)-

A threshold is then applied using the computed image
distances to determine whether to use the identified patch or
the patch at the location in the image to predict a patch for use
in generating the upscaled image (block 606). The content-
adaptive patch finding module 502, for instance, may com-
pute a ratio of these two image distances as
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is greater than a threshold “th” (e.g., 0.5), the patch located at
“p2” is updated with the patch located at “p1.”

In this way, preference may be given to the “in place”
patch. For instance, the threshold may be used such that an “in
place” patch is used unless a patch is found such that a ratio of
the image distances is closer than the threshold. In the above
algorithm, the function “|||[” may be defined as any norms or
truncated norms, with an “L.2” representation used as a
default. This technique may be useful in minimizing structure
distortion in an upscaled result, e.g., by restricting a straight
line from local distortion through preference of an “in place”
patch.

Content-Adaptive Patch Update

FIG. 7 depicts a system 700 in an example implementation
in which content metrics are employed as part of a search for
apatch. Like above, the discussion of FIG. 7 will also include
a discussion of an example procedure 800 of FIG. 8. As
before, an identification is made as to which of a plurality of
patches in a neighborhood of a location in an image is most
similar to a patch in an upscaled input image (block 802). For
example, image data 702 may include a neighborhood 704
that is to be used to search for similar patches (i.e., patches at
a relatively “close” image distance) as previously described.

Given an image patch, a content metric “R” may be com-
puted for the patch. This functionality is represented as a
content metric module 702 in the system 700. The illustrated
neighborhood 704 includes a plurality of patches 706, 708,
710 that are processed by the content metric module 702 to
distinguish between the content of the patches. The content
metric may describe consistency of gradient orientations to
distinguish informative local patches (such as edges and cor-
ners) versus uniform or noisy patches.

In the illustrated instance, the content metric module 702
may be used to compute a content metric for patch 706 that
indicates that content of the patch is uniform and thus has a
low “R” value whereas content for patches 708, 710 includes
consistent gradient orientations and thus has relatively high
“R”values. In this way, content metrics may be computed for
an “in-place” patch at a location within the image as above as
well as for the “most similar” patch that was identified within
the neighborhood of the in-place patch (blocks 804, 806).

Weights are then assigned to the identified patch (i.e., the
most similar patch) and the patch at the location in the image
(i.e., the in-place patch) based on respective content metrics
(block 808). In one or more implementations, the higher the
value of “R,” the more reliance may be given (e.g., increased
weight “B”) to the most similar patch in appearance for com-
puting a high frequency component, while the smaller the
value, greater reliance is given to the in-place patch (e.g., less
weight “B”). In other words, increased reliance is given to in
place patches in situations of noise or uniform content
whereas decreased reliance may be given in instances in
which the patches are considered “informative.” Thus, arti-
facts may be avoided from use of relatively noisy patches.

In this way, the identified patch and the patch at the location
may be combined using the assigned weights to generate a
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8

patch to be used as a prediction to generate an upscaled image
(block 810). For example, weights may be assigned for posi-
tions “pl” and “p2,” i.e., “f” and “1-f,” respectively. The
weights may be designed as a function of “R:p=h(R)” or
“P=h(R,y).” Then, the high frequency component may be
computed according to the following expression:

HAqO=p*Lp2)-Bp2))+(1-p)*(Up1)-B@1)).

Thus, in this example rather than use one patch or the other
patch, weights may be employed to utilize a combination of
the patches. In one or more implementations, the weight
parameter “f” is set to “f=(min(R+0.2, 1.0))*” to encourage
sharper results for larger “R” while avoiding artifact boosting
on texture areas, such as portions of an image that include
hair, grass, and so forth. Further, the ratio described in the
previous section may also utilized in the calculation of the
weight parameter “f”. For example, image distance ratios
may be computed with a function to compute “f” such that
the larger the “R” value the larger the value of “f.”

Tteration-Adaptive Parameter Update

Referring back to FIG. 2, the techniques described herein
may be more effective in early iterations, and less effective at
later iterations that have more computational cost. Accord-
ingly, the image upscale system 110 may be configured to
adaptively limit a number of iterations performed by the
factor upscale module 210, and then use an adjustment
upscale module 216 (e.g., analytical interpolation) to resize
the output of the factor upscale module 210 to the target image
size of the upscaled image data 112. In such a way, efficiency
of the image upscale system 110 may be increased (e.g., in
terms of computational resources and time spent performing
the processing) with little compromise on the final image
quality. This may be performed in a variety of ways.

For example, the image upscale system 110 may be con-
figured to limit the factor upscale module 210 to performance
of'a maximum number of iterations, e.g., T,,,. (€.2., T,,,.x=5)
iterations. Thus, as before any resizing after the performance
of these iterations by the factor upscale module 210 may be
performed by the adjustment upscale module 216.

Additionally, the image upscale system 110 may be con-
figured to cause the factor upscale module 210 to perform a
minimum number of iterations, ie., at least T, (e.g.,
T,,,=2) iterations. This may be performed by setting a factor
used by the factor upscale module 210 to perform at least the
minimum number of iterations, “downscaling” of an output
of the factor upscale module 210 by the adjustment upscale
module 216, and so on.

Further, the image upscale system 110 may be configured
to cease performance of the iterations if the image size would
exceed a threshold. For example, an expression “wxh>M”
may be employed where “w” and “h” are the width and height
of'the input image for current iteration and “M” is the thresh-
old.

Additionally, the upscale techniques may be performed on
overlapping patches with patch sampling step size “t”, e.g.,
t=1 means a single patch is sampled for each pixel of the
image. The patch sampling step size describes an amount a
patch is moved to form another patch to be sampled. Accord-
ingly, the patch step size “t” may be adapted with an iteration
index to speed up performance of the technique by the com-
puting device 102. Using smaller step sizes in early iterations
and larger step sizes (e.g., t=3) in later iterations typically
does not have an appreciable effect on the quality of the result
and may increase speed of performance of the upscale tech-
niques.

For example, for a “5x5” patch, moving the patch one pixel
for each iteration (such that each pixel is included in 25
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different patches) rather than three pixels for each iteration
(such that the pixel is included in a fewer number of patches)
may have in increased computational cost. Therefore, adap-
tions applied to the sampling step size may be used to increase
efficiency and retain desired accuracy. Other examples are
also contemplated without departing from the spirit and scope
thereof.

Additionally, variations to the techniques may be made to
address different color spaces and color channels. For
example, the upscale techniques employed by the image
upscale system 110 may be applied to a luminance channel
“Y,” and the result may be combined with different algorithms
applied to the “Cb” and “Cr” color channels. This may be
performed after conversion of an image from an “RGB” color
space. In another example, the upscale techniques may be
applied to each color channel (e.g., color space) separately,
e.g., may be applied independently to red, green, and blue
color channels.

In a further example, the upscale techniques may be
applied to one or multiple color channels jointly. This may be
performed by searching for the nearest patches in each of the
color spaces and applying upscaling consistently for different
color spaces using the patch search results.

In yet another example, for non-uniform upscaling factors
(e.g., “sl,” “s2”), the uniform upscaling scheme described in
relation to FIG. 2 may be applied to reach a size similar to the
larger value between “s1” and “s2.” The result may then be
adjusted to achieve a desired target size, e.g., by using ana-
Iytic interpolation methods.

Yet further, at each iteration performed by the factor
upscale module 210, a detail-preserving upscaling algorithm
may be employed to upscale its input by a factor of “s.”” If the
original image is noisy, for instance, an image denoising
algorithm may be applied before the upscaling iterations to
suppress noise boosting. Additionally, in the initial denoising
step, the search region may be adapted by setting its radius
proportional to the input denoising parameter to speed-up the
process for images with relatively small amounts of noise.

In a further example, variations may be made for setting
algorithm parameters. For example, a scale factor “s” may be
set differently over iterations, e.g. increasing “s” over itera-
tions in the range of 1:1 to 1:5.

As previously described, the image data 106 may also be
part of a video. Accordingly, for video upscaling, the tech-
niques may be applied to each image independently, and the
results combined to generate the upscaled video. In another
example, the techniques may be applied to videos by applying
the patch search step to multiple images (e.g., searching simi-
lar patch from multiple nearby frames) for improving accu-
racy of upscaling. Additionally, multi-frame denoising may
be applied first to ensure the temporal coherency of the de-
noised result, and then the proposed upscale techniques may
be applied independently to each frame. A variety of other
examples are also contemplated as further described above.

Example System and Device

FIG. 10 illustrates an example system generally at 1000
that includes an example computing device 1002 that is rep-
resentative of one or more computing systems and/or devices
that may implement the various techniques described herein.
This is illustrated through inclusion of the image processing
module 104, which may be configured to process image data.
The computing device 1002 may be, for example, a server of
a service provider, a device associated with a client (e.g., a
client device), an on-chip system, and/or any other suitable
computing device or computing system.
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The example computing device 1002 as illustrated
includes a processing system 1004, one or more computer-
readable media 1006, and one or more I/O interface 1008 that
are communicatively coupled, one to another. Although not
shown, the computing device 1002 may further include a
system bus or other data and command transfer system that
couples the various components, one to another. A system bus
can include any one or combination of different bus struc-
tures, such as a memory bus or memory controller, a periph-
eral bus, a universal serial bus, and/or a processor or local bus
that utilizes any of a variety of bus architectures. A variety of
other examples are also contemplated, such as control and
data lines.

The processing system 1004 is representative of function-
ality to perform one or more operations using hardware.
Accordingly, the processing system 1004 is illustrated as
including hardware element 1010 that may be configured as
processors, functional blocks, and so forth. This may include
implementation in hardware as an application specific inte-
grated circuit or other logic device formed using one or more
semiconductors. The hardware elements 1010 are not limited
by the materials from which they are formed or the processing
mechanisms employed therein. For example, processors may
be comprised of semiconductor(s) and/or transistors (e.g.,
electronic integrated circuits (ICs)). In such a context, pro-
cessor-executable instructions may be electronically-execut-
able instructions.

The computer-readable storage media 1006 is illustrated as
including memory/storage 1012. The memory/storage 1012
represents memory/storage capacity associated with one or
more computer-readable media. The memory/storage com-
ponent 1012 may include volatile media (such as random
access memory (RAM)) and/or nonvolatile media (such as
read only memory (ROM), Flash memory, optical disks, mag-
netic disks, and so forth). The memory/storage component
1012 may include fixed media (e.g., RAM, ROM, a fixed hard
drive, and so on) as well as removable media (e.g., Flash
memory, a removable hard drive, an optical disc, and so
forth). The computer-readable media 1006 may be configured
in a variety of other ways as further described below.

Input/output interface(s) 1008 are representative of func-
tionality to allow a user to enter commands and information to
computing device 1002, and also allow information to be
presented to the user and/or other components or devices
using various input/output devices. Examples of input
devices include a keyboard, a cursor control device (e.g., a
mouse), a microphone, a scanner, touch functionality (e.g.,
capacitive or other sensors that are configured to detect physi-
cal touch), a camera (e.g., which may employ visible or
non-visible wavelengths such as infrared frequencies to rec-
ognize movement as gestures that do not involve touch), and
so forth. Examples of output devices include a display device
(e.g., a monitor or projector), speakers, a printer, a network
card, tactile-response device, and so forth. Thus, the comput-
ing device 1002 may be configured in a variety of ways as
further described below to support user interaction.

Various techniques may be described herein in the general
context of software, hardware elements, or program modules.
Generally, such modules include routines, programs, objects,
elements, components, data structures, and so forth that per-
form particular tasks or implement particular abstract data
types. The terms “module,” “functionality,” and “component™
as used herein generally represent software, firmware, hard-
ware, or acombination thereof. The features ofthe techniques
described herein are platform-independent, meaning that the
techniques may be implemented on a variety of commercial
computing platforms having a variety of processors.
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An implementation of the described modules and tech-
niques may be stored on or transmitted across some form of
computer-readable media. The computer-readable media
may include a variety of media that may be accessed by the
computing device 1002. By way of example, and not limita-
tion, computer-readable media may include “computer-read-
able storage media” and “computer-readable signal media.”

“Computer-readable storage media” may refer to media
and/or devices that enable persistent and/or non-transitory
storage of information in contrast to mere signal transmis-
sion, carrier waves, or signals per se. Thus, computer-read-
able storage media refers to non-signal bearing media. The
computer-readable storage media includes hardware such as
volatile and non-volatile, removable and non-removable
media and/or storage devices implemented in a method or
technology suitable for storage of information such as com-
puter readable instructions, data structures, program mod-
ules, logic elements/circuits, or other data. Examples of com-
puter-readable storage media may include, but are not limited
to, RAM, ROM, EEPROM, flash memory or other memory
technology, CD-ROM, digital versatile disks (DVD) or other
optical storage, hard disks, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or
other storage device, tangible media, or article of manufac-
ture suitable to store the desired information and which may
be accessed by a computer.

“Computer-readable signal media” may refer to a signal-
bearing medium that is configured to transmit instructions to
the hardware of the computing device 1002, such as via a
network. Signal media typically may embody computer read-
able instructions, data structures, program modules, or other
data in a modulated data signal, such as carrier waves, data
signals, or other transport mechanism. Signal media also
include any information delivery media. The term “modu-
lated data signal” means a signal that has one or more of its
characteristics set or changed in such a manner as to encode
information in the signal. By way of example, and not limi-
tation, communication media include wired media such as a
wired network or direct-wired connection, and wireless
media such as acoustic, RF, infrared, and other wireless
media.

As previously described, hardware elements 1010 and
computer-readable media 1006 are representative of mod-
ules, programmable device logic and/or fixed device logic
implemented in a hardware form that may be employed in
some embodiments to implement at least some aspects of the
techniques described herein, such as to perform one or more
instructions. Hardware may include components of an inte-
grated circuit or on-chip system, an application-specific inte-
grated circuit (ASIC), a field-programmable gate array
(FPGA), a complex programmable logic device (CPLD), and
other implementations in silicon or other hardware. In this
context, hardware may operate as a processing device that
performs program tasks defined by instructions and/or logic
embodied by the hardware as well as a hardware utilized to
store instructions for execution, e.g., the computer-readable
storage media described previously.

Combinations of the foregoing may also be employed to
implement various techniques described herein. Accordingly,
software, hardware, or executable modules may be imple-
mented as one or more instructions and/or logic embodied on
some form of computer-readable storage media and/or by one
ormore hardware elements 1010. The computing device 1002
may be configured to implement particular instructions and/
or functions corresponding to the software and/or hardware
modules. Accordingly, implementation of a module that is
executable by the computing device 1002 as software may be
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achieved at least partially in hardware, e.g., through use of
computer-readable storage media and/or hardware elements
1010 of the processing system 1004. The instructions and/or
functions may be executable/operable by one or more articles
of manufacture (for example, one or more computing devices
1002 and/or processing systems 1004) to implement tech-
niques, modules, and examples described herein.

The techniques described herein may be supported by vari-
ous configurations of the computing device 1002 and are not
limited to the specific examples of the techniques described
herein. This functionality may also be implemented all or in
part through use of a distributed system, such as over a
“cloud” 1014 via a platform 1016 as described below.

The cloud 1014 includes and/or is representative of a plat-
form 1016 for resources 1018. The platform 1016 abstracts
underlying functionality of hardware (e.g., servers) and soft-
ware resources of the cloud 1014. The resources 1018 may
include applications and/or data that can be utilized while
computer processing is executed on servers that are remote
from the computing device 1002. Resources 1018 can also
include services provided over the Internet and/or through a
subscriber network, such as a cellular or Wi-Fi network.

The platform 1016 may abstract resources and functions to
connect the computing device 1002 with other computing
devices. The platform 1016 may also serve to abstract scaling
of resources to provide a corresponding level of scale to
encountered demand for the resources 1018 that are imple-
mented via the platform 1016. Accordingly, in an intercon-
nected device embodiment, implementation of functionality
described herein may be distributed throughout the system
1000. For example, the functionality may be implemented in
part on the computing device 1002 as well as via the platform
1016 that abstracts the functionality of the cloud 1014.

CONCLUSION

Although the invention has been described in language
specific to structural features and/or methodological acts, it is
to be understood that the invention defined in the appended
claims is not necessarily limited to the specific features or acts
described. Rather, the specific features and acts are disclosed
as example forms of implementing the claimed invention.

What is claimed is:

1. A method implemented by one or more computing
devices, the method comprising:

upscaling an input image by a scale factor to generate an

upscaled input image;

smoothing the input image to generate a smoothed input

image; and

generating an upscaled image iteration comprising, for

each patch in the upscaled input image:

identifying which of a plurality of patches in the smoothed

input image is most similar to the patch in the upscaled
input image;

computing a prediction for the patch in the upscaled input

image using the most similar patch from the smoothed
input image and a corresponding patch from the input
image; and

forming a prediction of a patch for the upscaled image

iteration using the prediction for the patch in the
upscaled image and the patch in the upscaled image.

2. A method as described in claim 1, wherein the identify-
ing of the most similar patch includes:

identifying an in-place patch in the smoothed input image

at a corresponding location that is proportional to a
difference in image size between the upscaled input
image and the smoothed input image;
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computing an image distance of the patch in the upscaled
input image to the plurality of patches in the smoothed
input image, the plurality of patches included within a
neighborhood of the in-place patch; and

locating the most similar patch from the plurality of

patches based on the computed image distances.

3. A method as described in claim 1, wherein the comput-
ing of the prediction for the patch in the upscaled input image
includes subtracting the most similar patch from the
smoothed input image from the corresponding patch from the
input image.

4. A method as described in claim 1, wherein the forming of
the prediction of the patch for the upscaled image iteration
includes adding the prediction for content of the patch in the
upscaled input image to content of the patch in the upscaled
input image.

5. A method as described in claim 1, wherein the upscaling
includes applying Bicubic interpolation and the smoothing
includes using a Gaussian kernel.

6. A method as described in claim 1, further comprising
averaging the predictions of the patches for the upscaled
image iteration that overlap.

7. A method as described in claim 1, wherein the generating
is repeated for at least a predefined minimum number of
iterations and does not repeat for more than a predefined
maximum number of iterations.

8. A method as described in claim 1, wherein the generating
is configured to be performed responsive to a determination
that a size of the input image does not exceed a threshold.

9. A method as described in claim 1, wherein the generating
is applied independently to one or more color channels of the
input image.

10. A method as described in claim 1, wherein the gener-
ating is applied jointly to a plurality of color channels of the
input image.

11. A method as described in claim 1, wherein the upscal-
ing, the smoothing, and the generating are repeated for a
plurality of iterations, at least two of which utilize different
scale factors, respectively to perform the upscaling of the
input image.

12. A method as described in claim 1, further comprising
applying an image denoising algorithm and wherein the up
scaling, the smoothing, and the generating are applied to the
denoised input image.

13. A computing system comprising:

a processing system; and

one or more computer-readable storage media having

instructions stored thereon that, responsive to execution

by the processing system, causes the processing system

to perform operations comprising:

upscaling an input image by a scale factor to generate an
upscaled input image;
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smoothing the input image to generate a smoothed input
image; and
generating an upscaled image iteration comprising, for
each patch in the upscaled input image:
identifying which of a plurality of patches in the
smoothed input image is most similar to the patch
in the upscaled input image;
computing a prediction for the patch in the upscaled
input image using the most similar patch from the
smoothed input image and a corresponding patch
from the input image; and
forming a prediction of'a patch for the upscaled image
iteration using the prediction for the patch in the
upscaled image and the patch in the upscaled
image.

14. A computing system as described in claim 13, wherein
the identifying of the most similar patch includes:

identifying an in-place patch in the smoothed input image

at a corresponding location that is proportional to a
difference in image size between the upscaled input
image and the smoothed input image;

computing an image distance of the patch in the upscaled

input image to the plurality of patches in the smoothed
input image, the plurality of patches included within a
neighborhood of the in-place patch; and

locating the most similar patch from the plurality of

patches based on the computed image distances.

15. A computing system as described in claim 13, wherein
the computing of the prediction for the patch in the upscaled
input image includes subtracting the most similar patch from
the smoothed input image from the corresponding patch from
the input image.

16. A computing system as described in claim 13, wherein
the forming of the prediction of the patch for the upscaled
image iteration includes adding the prediction for content of
the patch in the upscaled input image to content of the patch
in the upscaled input image.

17. A computing system as described in claim 13, wherein
the upscaling includes applying Bicubic interpolation and the
smoothing includes using a Gaussian kernel.

18. A computing system as described in claim 13, further
comprising averaging the predictions of the patches for the
upscaled image iteration that overlap.

19. A computing system as described in claim 13, wherein
the generating is repeated for at least a predefined minimum
number of iterations and does not repeat for more than a
predefined maximum number of iterations.

20. A computing system as described in claim 13, wherein
the generating is configured to be performed responsive to a
determination that a size of the input image does not exceed a
threshold.



